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1.1 Gene regulation of miRNAs and TFs. miRNAs regulate
biological processes in proliferation, metabolism, diﬀerentiation,
development, apoptosis, cellular signaling and even cancer
development and progression. TFs are fundamental players
of gene expression regulation at the transcriptional level.
miRNAs regulate target gene expression at the post-transcriptional
level. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
1.2 A graphical description framework of research plan.
1©: to identify paired biomarkers instead of individual miRNA
biomarkers. 2©: to discover both positive and negative
miRNA-mRNA regulatory modules, and miRNA-miRNA co-
regulation modules. 3©: to study the relationships among
miRNAs, mRNAs and TFs. . . . . . . . . . . . . . . . . . . . 11
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1.3 Thesis Structure. Ch. 1 introduces the research background.
Ch. 2 provides the literature review. Ch. 3 describes research
methodology. Ch. 4 presents a novel method to miRNA
biomarkers for SCC diagnosis. Ch. 5 presents a ‘change-to-
change’ method to detect both inverse and positive regulatory
relationships from a paired miRNA and mRNA expression
data set of HCV patients. Ch. 6 presents a novel integrative
approach to the discovery of miRNA-miRNA co-regulating
networks. Ch. 7 presents a study of self-regulating miRNAs
through combining the relationships among miRNAs, TFs and
target genes. Ch. 8 provides a ﬁnal summary of this research
and also suggests some future directions. . . . . . . . . . . . . 15
4.1 Heatmap representation of the expression levels of the
19 miRNAs. A single miRNA is unable to distinguish cancer
samples from normal samples, while the combination of 2 or
3 miRNAs can faultlessly identify cancer (or normal) samples
from normal (or cancer) samples. . . . . . . . . . . . . . . . . 66
4.2 Distance separation by 100%-frequency rules in 2D
space. The left panel shows a shorter distance separation
between the cancer and normal samples than the separation
shown in the right panel. . . . . . . . . . . . . . . . . . . . . . 67
4.3 The procedure of rule discovery with 19 miRNAs. The
up panel is the dataset processing phase, and 19 miRNAs
are obtained. The down panel is the discovery phase to get
biomarkers. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68
4.4 Decision trees. The left panel is a decision tree made of
miR-205 and miR-98. The right panel is a decision tree made
of miR-205 and miR-451. . . . . . . . . . . . . . . . . . . . . . 72
xii
List of Figures
4.5 Expression data on 2D planes. The left panel is the plane
co-ordinated by miR-205 and miR-98. The right panel is
coordinated by miR-205 and miR-451. The blue rectangles
indicate the expression ranges of all of the normal samples. . . 73
4.6 Examples of 2D rules. The left panel describes two
miRNAs whose class-label is related to normal. The right
panel shows two miRNAs whose class-label is related to cancer. 76
4.7 Examples of 3D rules. The left panel contains miR-100,
miR-199a and miR-200c. The right panel contains miR-133a,
miR-21 and miR-520a-AS. . . . . . . . . . . . . . . . . . . . . 76
5.1 Our approach in comparison to previous approaches.
We construct miRNA-mRNA regulatory modules using rule-
based methods as shown in the right panel where the mRNA
data set is narrowed down by the identiﬁed miRNA rules which
are derived at the ﬁrst step. . . . . . . . . . . . . . . . . . . . 88
5.2 Computational steps for the identiﬁcation of miRNA-
mRNA regulatory modules. 1) Collection of miRNA
expression proﬁle data set. 2) Discovery of discriminatory
rules from the miRNA expression data set using our rule
discovery algorithm. 3) Construction of a selected and relevant
mRNA expression data set. 4) Discovery of discriminatory
rules from the relevant mRNA data set. 5) Identiﬁcation of
candidate miRNA-mRNA regulatory modules by combining
the miRNAs and mRNAs in the discovered rules. . . . . . . . 91
xiii
List of Figures
5.3 A miRNA-mRNA regulatory interaction network.
There is an edge between two miRNAs if they are components
of a miRNA rule. The edge between a miRNA and a mRNA
represents a regulation of the miRNA for its target. Six
miRNAs (miR-214, miR-34a, miR-129, miR-765 and miR-
210) and 9 mRNAs (ACVR1C, RAB43, FNDC5, WDR33,
ALDH4A1, ANKRD12, KCTD9, ARMC1 and DICER1) all
in red are conﬁrmed by literature work. . . . . . . . . . . . . . 98
5.4 The regulatory module inferred from the ﬁrst miRNA
rule and its corresponding mRNAs. miR-557 and miR-
214, the miRNAs of the ﬁrst HCV+ miRNA rule are placed
in the up panel. Four mRNA rules are identiﬁed and their
mRNAs are placed in the middle and bottom panels. The
edges linking miR-214 and its mRNA targets are in solid
lines, while the edges linking miR-557 and its mRNA targets
are in dashed lines. The conﬁrmed target mRNAs are also
highlighted with an underline. . . . . . . . . . . . . . . . . . . 101
5.5 The regulatory module inferred from the ﬁrst HCV-
rule consisting of miR-129 and miR-765. In this module,
miR-765 targets 6 mRNAs and miR-129 regulates 4 mRNAs.
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This research employs rule mining methods to study the important roles
of miRNAs in human diseases. From past experience and from reviewing
the literature, rule mining is a widely used data mining technique for
the discovery of interesting relationships in large data sets. MicroRNAs
(miRNAs) are endogenous and highly conserved non-coding RNA molecules.
They can inhibit and/or promote the post-transcriptional expression of target
messenger RNAs (mRNAs). miRNAs thus play a pivotal role in a cell’s
diﬀerentiation, proliferation, growth, mobility, and apoptosis, as well as in
viral replication and proliferation. This has inspired many research works
aimed at detecting miRNAs’ functions in human disease. However, with the
current deluge of miRNA data, previous works have suﬀered from limitations
in terms of handling the relationship between various molecules. Firstly,
they usually identify single miRNAs as biomarkers, and always produce
low sensitivity and speciﬁcity. Secondly, intensive research largely depends
on the inverse expression relationships between miRNAs and mRNAs to
discover miRNA-mRNA regulatory modules. Finally, the miRNA-miRNA
co-regulations and miRNA self-regulations have not been well investigated.
As a result, rule mining is a powerful new technology with great potential
to help researchers focus on the most important miRNAs for understanding
human diseases. This thesis reports our past and current research outcomes
in this area. The contributions of the thesis are as follows:




• A “change to change” method is proposed to mine both positive
and negative regulatory relationships from paired miRNA and mRNA
expression data sets.
• A progressive data reﬁning approach is proposed to identify the lung
cancer miRNA-miRNA co-regulation network.
• A novel framework is proposed to detect the self-regulation miRNAs.
The research was conducted through four case studies. (1) The ﬁrst case
study was on lung squamous cell carcinoma for accurate diagnosis of this
disease through the reliable miRNA biomarkers identiﬁed by a novel rule
discovery method. (2) The second case study was on paired miRNA and
mRNA expression data of HCV patients to detect both positive and negative
regulatory modules. (3) The third case study was on lung cancer data sets
for the computational methods to identify miRNA-miRNA co-regulation
networks and miRNA-miRNA co-regulatory relationships. (4) The fourth
case study was on multiple data types to infer self-regulation miRNAs in
humans through an integrative rule mining framework and approach. All
the results have been veriﬁed by the existing literature and databases.
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